Introduction
The transcription of unannotated genome sequence is evidenced by transcriptomic studies in which raw reads do not align to known genes (Wu and Knudson, 2018; Pertea et al., 2018b; Delcourt et al., 2018; Struhl, 2007; Lu et al., 2017) . Many dismiss this genome expression as "noise" (Pertea et al., 2018b,a; Consortium et al., 2012; Barroso et al., 2018; Lloréns-Rico et al., 2016) , However, some of this sequence are translated (Wu and Knudson, 2018; Carvunis et al., 2012; Smith et al., 2014; Olexiouk et al., 2017; Hsu et al., 2016; Ruiz-Orera et al., 2015; Chew et al., 2013) , and several functional genes have been identified from it (Ji et al., 2015; Andrews and Rothnagel, 2014) . To our knowledge, the levels and patterns of transcription of these unannotated transcripts have not been globally evaluated. Genes that encode species-species proteins (orphan genes) (Arendsee et al., 2019b) are among those least likely to be annotated. Orphan genes may evolve de novo from non-coding sequence in regions of the genome lacking genes entirely, or they may evolve as new reading frames within existing genes (Ruiz-Orera et al., 2015; Arendsee et al., 2019a; Oss and Carvunis, 2019; Tautz and Domazet-Lošo, 2011) . Alternately, existing proteins could be highly altered and converted to orphans (Tautz and Domazet-Lošo, 2011; Khalturin et al., 2009 ), a process that would require selective ultra-rapid mutation. The process by which such ultra-rapid mutation might occur is, to our knowledge, as-yet undefined.
Many annotated orphan genes are up-regulated by an environmental stress; spatially or developmentally localized; or associated with speciesspecific traits or regulatory patterns (Li et al., 2009; Guo et al., 2007; Colbourne et al., 2011; Arendsee et al., 2014) . We propose this is also likely a characteristic of as-yet unnanotated orphans ("orphan-ORFs").
Most annotations of genomes identify genes by combining evidence of homology with genes of other species (Meyer and Durbin, 2004; Proux-Wéra et al., 2012) and ab initio gene prediction via canonical motifs (e.g., splice junctions) (Cantarel et al., 2008; Hoff et al., 2016) . Homology cannot identify orphan genes, and it is quite possible that ab initio gene prediction would not be very effective, as orphans may not yet have evolved canonical motifs.
Here, we introduce an approach and tools to reuse and re-mine aggregated RNA-Seq data from public databases to identify transcribed ORFs and to construct a co-expression network. Integrating these with co-expression networks, GO enrichment analysis and RNA-Seq metadata offers a perspective on which to base experimentally-testable biological hypotheses for unknown genes.
Methods

Orphan detection in S. cerevisiae
We used the automated R software for phylostratography, phylostratr (Arendsee et al., 2019b) , to infer the phylostrata of CDSs and ORFs of the S. cerevisiae genome. CDSs were obtained from SGD. Unannotated ORFs ( 150 nt) were extracted by bedtools2 (Quinlan and Hall, 2010) , translated by emboss (Rice et al., 2000) , yielding 24,912 ORFs; to these we added ORFs less than 150 nucleotides: the set of 1,139 smaller translated sequences (smORFs) identified by ribosome profiling (Carvunis et al., 2012) and 3,303 ORFs identified by TIF-Seq (Lu et al., 2017) (txCDS) that were not included among the ORFs due to small size ( 150 nt). The analysis compared the proteins predicted from the S. cerevisiae CDSs and ORFs to proteins of 123 target species distributed across phylostrata: 117 species identified by the phylostratr algorithm, supplemented with six manually-selected species in the Saccharomyces genus (S. paradoxus, S. mikatae, S. kudriavzevii, S. arboricola, S.eubayanus, and S.uvarum) . To avoid false positives when identifying orphan ORFs from S. cerevisiae, we extracted the translation products from all ORFs ( 150 nt) from each of the six Saccharomyces genomes, and added these to the annotated proteins. (See Figure S1 for workflow, species.xlsx for full species list, and phylostratr_heatmap.pdf for gene by gene results). Each gene is assigned to the most evolutionarily-distant phylostratum that contains an inferred homolog. A gene is inferred as an orphan if it is assigned a phylostratum level as S. cerevisiae (ps=15).
Raw read processing and data normalization
RNA-Seq raw reads were pseudoaligned to a transcriptome index of SGDannotated genes plus unannotated ORFs and quantified by kallisto (Weijers et al., 2012 ) (see S.cerevisiae_RNA-seq.mog for RNA-Seq metadata). The ORFs over 150 nt with less were filtered out before making the pairwise PCC networks; all SDG genes and smORFs were retained regardless of expression values. We evaluated the performance of two diverse methods for normalizing raw counts ( Section 5, Supplementary_Material.pdf ) and three Pearson's correlation coefficients (PCC) cutoffs (Section 3, Supplementary_Material.pdf ) using Markov chain graph clustering (MCL (Dongen and Marinus, 2000) ) followed by GO term enrichment analysis. The ORFs with expression values in lowest 75% quartile were removed from the data, and networks were created from the SGD and SGD+ORF datasets by calculating the pairwise Pearson correlation matrix across all 3,457 samples.
Our consideration of which normalization methods to use was twofold. Based on the evaluation of Dillies et al. (2013) , we used edgeR (Robinson et al., 2010) . We also normalized the raw data by a single cell RNAseq normalization SCnorm (Bacher et al., 2017) . This method examines sequence information from individual cells with the aim to provide a higher resolution of cellular differences. Two features of single cell RNA-Seq analysis are similar to analysis of the orphan-ORF-focused multi-study RNA-Seq data here: 1) raw counts contain an abundance of zero-expression values, 2) there is high technical variability among samples.
Comparison of GO enrichment results led to selection of edgeR normalization for further analyses. Networks obtain from PCC cutoffs of 0.6, 0.7 and 0.8 were then evaluated (Section 3, Supplementary_Material.pdf ).
Cluster evaluation by Gene Ontology (GO) term enrichment analysis
Clustering results from each of the eight MCL analyses were evaluated by GO enrichment analysis; only clusters with over five genes were considered(Section 2, Supplementary_Material.pdf ). The GO term representation of each experimental result was compared to that of 100 random sets of clusters that were obtained by permuting gene IDs. For these permutations, the same number of clusters of the same size as the those from the experimental result were assigned to each random set (Mentzen and Wurtele, 2008) . The best adjusted p-value p min was recorded for the Figure S7 for whole expression plot). Many orphan-ORFs have expression comparable to annotated genes enriched GO terms in each cluster. Each random cluster set was assigned a score S i , which is the average p min across all clusters in the set.
where n indicates the number of clusters (n=49). The distribution of S values for GO classes, Biological Process, Cellular Component, and Molecular Function, for random sets were compared to the respective values for the real experimental data. In each ontology, the experimental score was significantly better than any of the random scores.
Results and Discussion
Identifying potential cryptic orphan genes in Saccharomyces cerevisiae
Within the Saccharomyces sensu stricto clade, S. cerevisiae is the most researched and has the most extensively sequenced and annotated genome. Despite this significant body of research on S. cerevisiae, the yeast genome expresses thousands of transcripts that are not annotated as genes (Carvunis et al., 2012; Lu et al., 2017; Oss and Carvunis, 2019; Wu and Knudson, 2018; Smith et al., 2014; Pelechano et al., 2013; Lu et al., 2017) , some supported with translational evidence and many of de novo origin (Oss and Carvunis, 2019; Lu et al., 2017) .
To delineate those ORFs that could encode orphan proteins, we inferred the the oldest phylostratum (PS) to which each S. cerevisiae protein (or candidate protein) can be traced using phylostratr (Arendsee et al., 2019b) , with similarity to proteins of cellular organisms (including prokaryotes) designated as PS1, and no similarity to any protein outside of S. cerevisiae being PS15. (See MOG file S.cerevisiae_RNA-seq.mog for complete PS assignments by transcript). By this analysis, less than 4% of SGDannotated genes are inferred as orphans, and 54% of unannotated ORFs are orphans (orphan-ORFs). More than 80% of the conserved ORFs are genus-specific.
The mean CDS length of genes generally increases during evolution, with orphan CDSs being the shortest on average (Arendsee et al., 2014; Palmieri et al., 2014; Arendsee et al., 2019b; Oss and Carvunis, 2019; Toll-Riera et al., 2009) (Figure S4 .A). The unannotated orphan-ORFs follow a similar trend, average length is also shorter than that of SGD-annotated conserved genes ( Figure S4 .A). Similar to the finding of (Basile et al., 2017) , the mean GC content for annotated orphans in S. cerevisiae is slightly lower than that of more conserved genes; interestingly, Vakirlis et al. (2018) report a higher GC content among those orphan genes of confirmed de novo origin. The unannotated orphan-ORFs also have a slightly lower mean GC content than those of other phylostratum levels ( Figure S4 .B).
Functional inference
To infer potential functions of the yeast orphan genes and orphan-ORFs through co-expression with genes of known function, we downloaded from SRA raw sequence reads of 3,457 RNA-Seq samples from 177 studies. The experimental variables across these samples include a wide variety of mutants, chemical treatments, stresses, nutrition deprivations, and growth stages. We mapped the RNA-Seq reads to a yeast transcriptome composed of SGD-annotated genes and ORFs, and quantified abundances. Then, we analyzed the expression patterns of 29,354 transcripts in the context of the 6,692 annotated genes of S. cerevisiae across an aggregated dataset of 3,457 RNA-Seq samples, consisting of the re-processed, edgeR-normalized raw reads from SRA and the corresponding metadata. Figure 2 compares the expression for the matrix of 3,457 RNA-Seq samples for SGD genes, smORFs, and orphan-ORFs (See Figure S7 for full expression plot). The mean expression for all annotated genes across all data is 38 cpm, whereas the mean expression for the 25% most highly expressed ORFs is 18 cpm. Many SGD-annotated genes are expressed in most of the samples. In contrast, most ORFs have very low expression in most samples but accumulate more highly in a few samples. This contributes to the low mean expression of many of the ORFs.
Across 3,457 RNA-Seq runs, conserved SGD annotated genes have significantly higher mean expression than orphan SGD genes and unannotated ORFs ( Figure S8 .A). Over 600 of unannotated orphan-ORFs have higher mean expression than 10% of conserved SGD genes. Moreover, 36 of orphan-ORFs have mean expression higher than 90% conserved SGD genes (Table S4 .A). ORFs with transcription evidence from our study and Lu et al. (2017) have higher mean expression than Figure S8.B) , which indicates these expressed ORFs may not be transcription noise.
Network inference and MCL clustering of the inferred expression network
Orphan genes have no homologs in other species and are likely to have less canonical structure, hence we cannot use standard gene prediction tools to identify them or infer their functions (Arendsee et al., 2014) . Based on the assumption that genes with similar patterns of expression across different conditions are likely to encode proteins with related functions or be involved in the same pathway, we inferred functions for those orphan genes that are co-expressed with genes of known function across many conditions. We used two datasets for network inference. One network, "SGD genes" is from the 6,692 SGD-annotated genes. The other network, "SGD+ORF", contains 14,885 transcripts in total and includes all SGDannotated genes, 1139 smORFs, and 7,054 ORFs (comprising the 25% most highly-expressed as ranked by mean expression across 3,475 samples).
To identify sets of co-expressed genes, we used a high-throughput graph-clustering pipeline based on flow simulation (Markov chain graph clustering, MCL (Dongen and Marinus, 2000) ) to identify clusters of coexpressed genes. After parameter optimization (see Figure S2 , S3, and Table S1) a final network derived from the full SGD+ORF dataset was partitioned by MCL into 544 clusters (Table S2 ). Since clusters of < five transcripts are problematic for functional analysis, we focused on those clusters with at least 5 genes. Forty-six percent of the 273 SGD genes that have been designated as orphans (Arendsee et al., 2019b) are members of clusters containing more than 5 genes; 59% of the 3,899 expressed orphan-ORFs are in clusters with more than 5 genes.
GO enrichment analysis for clustering results
In order to evaluate the significance of the clustering results, we compared the extent of significant enrichment of Gene Ontology (GO) terms in the set of the clusters of more than 5 genes derived from MCL clustering of experimental data with that of 100 randomly-obtained sets of clusters. For each random set, the number of clusters and the number of genes in each cluster are held the same as the experimental data; however, the genes assigned to each cluster were changed by random permutation. The best adjusted p-value for enriched GO terms was recorded for each cluster and averaged across all clusters to obtain a mean best p-value (Mentzen and Wurtele, 2008) (Figure 3) . Distribution of the p-values for GO terms in the 100 sets of randomized clusters was compared to that of the experimental data (red arrows in Figure 3 ). For each GO ontology category (Biological Process (BO), Cellular Component (CC), and Molecular Function (MF)), the best mean p-values for the experimental data are 0.019, 0.023, and 0.027, respectively. These values are significantly better than those of any of the randomized datasets. This result indicates that the MCL clustering of genes derived from transcriptomic expression is not random, and thus the genes in a given cluster might function in the same or related biological process.
Exploring Gene Function
As proof-of-concept for the utility of these data, we provide three examples of functional inference combining MCL clustering analysis, GO enrichment analysis, and RNA-Seq expression across multiple conditions. Metadata about each transcript includes: functional annotations (from SGD), CDS/ORF GC content, CDS/ORF length, genomic positional coordinates, orientation, phylostratal assignment, MCL-cluster membership. Metadata about each sample includes: study ID, title, summary, reference, design description, library construction protocol, sequencing apparatus; sample title, experimental attributes, number of replicates; replicate name, sequencing depth, base coverage. (See S.cerevisiae_RNA-seq.mog for the complete expression matrix and gene/ORF and RNA-Seq sample metadata).
In many cases, co-expression clusters are composed of genes and ORFs located across widely diverse regions of the genome. MCL Cluster 112 contains 20 SGD-annotated genes and 21 unannotated ORFs (Figure 4, top  panel) . Twelve of the genes are in the seripauperin (PAU) family. PAUrich gene clusters have been identified in independent microarray studies using distinct data sets (Orellana et al., 2014; Magwene and Kim, 2004) . Many PAU family members are induced by low temperature and anaerobic conditions, and repressed by heme (Rachidi et al., 2000) and individual PAU proteins confer resistances to biotic and abiotic stresses (Rivero et al., 2015) ; their molecular function is not known. PAU proteins are localized to the cell wall, plasma membrane, endoplasmic reticulum and vacuole. YER011W and YJR150C, also in Cluster 112, are localized to the same cellular compartments as seripauperin and have been shown to be induced under anaerobic conditions (Sertil et al., 1997; Kowalski et al., 1995; Kitagaki et al., 1997; Cohen et al., 2001) . The other genes in this cluster have no functional annotation. GO enrichment analysis identified eight GO terms to be significantly-over-represented in this cluster (Figure 4 , bottom panel). Exploration and visualization of in Cluster 112 in MetaOmGraph (MOG) (Singh et al., 2019) . Figure 5 shows the expression of the genes and ORFs across all 3545 samples of the RNA-Seq dataset, and highlights the two studies in this dataset that evaluate oxygen content as an experimental variable. Study SRP067275 compares four growth stages of the stresstolerant yeast strain GLBRCY22-3 grown in YPDX and ACSH media, with and without oxygen (McIlwain et al., 2016) (Figure 5 , top left). The expression of the genes and ORFs in Cluster 112 is higher under anaerobic conditions, irrespective of media or growth stage. Study SRP098655 compares OLE1-repressible strains growing under anaerobic and aerobic conditions (Degreif et al., 2017) (Figure 5 , top right). Expression of genes and ORFs in Cluster 112 is induced in cells grown under anaerobic conditions. These expression patterns indicate the genes and the ORFs in this cluster might be sensitive to anoxia, or play a role in cellular response to this stress.
In several cases, ORFs are located near an existing gene and also share a similar transcription pattern. This is the case for smORF247301, which is 77nt upstream of YPL223C ( Figure 6 ). MOG analysis indicates smORF247301 and SGD gene YPL223C have a Pearsons correlation of 0.95 across the 3,457 RNA-Seq samples. smORF247301 is located on the "+" strand of chromosome 16, while YPL223C is on the "-" strand of the same chromosome. The CDS of YPL223C is 507 nt, while smORF247301 is 33 nt. YPL223C is more highly expressed than smORF247301. YPL223C, a hydrophilin gene that is essential in surviving desiccationrehydration, is regulated by the high-osmolarity glycerol (HOG) pathway (Garay-Arroyo et al., 2000) , and induced by osmotic, ionic, oxidative, heat shock and heavy metals stresses. Three independent stress studies (Figure 6 B-D) show increased expression of smORF247301 and YPL223C in response to osmotic, heat and desiccation stresses. smORF247301 has translation evidence through ribosomal profiling (Carvunis et al., 2012) . One possibility is that the transcription and translation of smORF247301 is "noise" (Eling et al., 2019) YPL223C. Another possibility is that smORF247301 is a young, notyet-annotated gene that is "piggybacking" on the expression apparatus of YPL223C. In that case, the co-expression of these two transcripts could reflect a mechanism whereby a new gene can emerge provided with a readymade exposure to transcription factors associated with open chromatin during transcription of a nearby established gene (YPL223C), evolving to confer a survival advantage, e.g., the stress response pathway of YPL223C. A variety of methods can be used for network inference and partitioning. Each combination of inference and partitioning methods provides complementary information, revealing different types of relationships. Networks can be inferred by correlation among expression values (Ruan et al., 2010; Luo et al., 2007; Mentzen and Wurtele, 2008) , by mutual information (Zhang et al., 2012) or by Relatedness approaches (Netotea et al., 2014) . Pearson correlation, as in this paper, is highly sensitive at extracting genes whose expression is linearly correlated across multiple conditions, but it misses many more complex, non-linear relationships. To our knowledge, the strengths and weaknesses provided by the various network partitioning methods for extracting different types of biological information has not been investigated. Thus, the identical RNA-Seq expression data can be reanalyzed and further explored to reveal different biological interactions.
Conclusion
In this study we have assessed the accumulation of transcripts representing 36,046 annotated genes and unannotated ORFs of S. cerevisiae across 3,457 public RNA-seq samples derived from diverse biological conditions. Fourty-nine ORFs had no detectable expression in any sample. Of the 8,193 expressed ORFs, 48% were inferred to be "orphan-ORFs", encoding S. cerevisiae-specific proteins. Despite a tendency to be expressed only under specific conditions, 163 of the orphan-ORFs had mean levels of expression greater than that of the median SGD-annotated gene. Over 2,000 of the orphan-ORFs are members of gene clusters identified by MCL partitioning of the network. We postulate that among these ORFs are functional genes, and suggest an approach to hone in on these for experimental analysis.
The SGD+ORF dataset assembled herein represents the expression of SGD-annotated genes and unannotated ORFs under multiple conditions in a readily explorable, user-friendly format. Combining this networkinformed view of aggregate RNA-Seq data with text-mining of sample and gene metadata creates a powerful approach to develop novel, experimentally-testable hypotheses on the potential functions of as yet unannotated transcripts.
